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ABSTRACT 

Botnet attacks pose a significant threat to the security and stability of software-defined networks (SDNs). Traditional 

methods for detecting and mitigating botnet attacks often rely on signature-based detection or rule-based systems, 

which may struggle to adapt to evolving attack techniques. In this paper, we propose a novel approach for detecting 

and mitigating botnet attacks in SDNs using deep learning techniques. Our method leverages the capabilities of deep 

learning models, specifically convolutional neural networks (CNNs) and recurrent neural networks (RNNs), to 

automatically learn and extract features from network traffic data. By training these models on labeled datasets of 

normal and botnet traffic, we can effectively distinguish between benign and malicious activity in real-time. 

Additionally, we integrate our deep learning-based detection system with SDN controllers to enable proactive 

mitigation of botnet attacks. Experimental results demonstrate the effectiveness of our approach in accurately 

detecting and mitigating botnet attacks while minimizing false positives. Overall, our proposed method provides a 

promising solution for enhancing the security of SDNs against botnet threats. 

Keywords: botnet attacks, software-defined networks, SDNs, deep learning techniques, convolutional neural 

networks, recurrent neural networks, security. 

INTRODUCTION 

Botnet attacks present a substantial menace to the security and reliability of software-defined networks (SDNs) [1]. 

These attacks exploit the decentralized and programmable nature of SDNs, posing challenges to traditional security 

measures [2]. Conventional approaches for detecting and mitigating botnet attacks typically rely on signature-based 

detection or rule-based systems [3]. However, these methods often struggle to adapt to the evolving tactics employed 

by sophisticated botnets [4]. As such, there is a pressing need for innovative solutions capable of effectively countering 

these threats in SDN environments [5]. In response to this challenge, we propose a novel approach that harnesses the 

power of deep learning techniques for botnet detection and mitigation in SDNs [6].  

Our approach is centered on leveraging deep learning models, specifically convolutional neural networks (CNNs) and 

recurrent neural networks (RNNs), to autonomously learn and extract relevant features from network traffic data [7]. 

By capitalizing on the inherent capabilities of these neural network architectures, our method can discern subtle 

patterns and anomalies indicative of botnet activity in real-time [8]. To facilitate this process, we train our deep 

learning models on meticulously labeled datasets comprising both normal and botnet traffic samples [9]. Through this 

training regimen, our models acquire the ability to distinguish between benign network behavior and malicious botnet 

activity with high accuracy [10].  
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Furthermore, we integrate our deep learning-based detection system seamlessly with SDN controllers, enabling 

proactive mitigation of botnet attacks [11]. This integration empowers SDN controllers with the intelligence necessary 

to swiftly respond to detected threats, thereby bolstering the overall security posture of SDN infrastructures [12]. By 

preemptively thwarting botnet attacks at the network level, our approach mitigates the potential damage and disruption 

caused by these malicious activities [13]. Experimental evaluations conducted to validate the efficacy of our proposed 

method have yielded encouraging results [14]. Our approach demonstrates a notable ability to accurately detect and 

mitigate botnet attacks while minimizing false positives [15]. These findings underscore the practical viability and 

effectiveness of leveraging deep learning techniques for enhancing the security of SDNs against botnet threats. In 

summary, our proposed method offers a promising solution for fortifying the resilience of SDN environments and 

safeguarding against the ever-evolving landscape of botnet attacks. 

 

Fig 1. System Architecture 
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LITERATURE SURVEY 

The landscape of software-defined networks (SDNs) is evolving rapidly, driven by the increasing demand for flexible 

and efficient network management solutions. However, this evolution also brings forth new challenges, chief among 

them being the emergence of botnet attacks. Botnet attacks represent a significant threat to the security and stability 

of SDNs, exploiting vulnerabilities in the network infrastructure to compromise systems and disrupt operations. To 

address this pressing issue, researchers and practitioners have explored various strategies for detecting and mitigating 

botnet attacks in SDNs. Traditional methods for botnet detection and mitigation often rely on signature-based detection 

or rule-based systems. While these approaches have been effective to some extent, they suffer from inherent 

limitations, particularly in their ability to adapt to evolving attack techniques. As botnets become increasingly 

sophisticated and dynamic, the need for more robust and adaptive defense mechanisms has become apparent. In 

response to this challenge, there has been growing interest in leveraging deep learning techniques for enhancing the 

security of SDNs against botnet threats. 

Deep learning models, such as convolutional neural networks (CNNs) and recurrent neural networks (RNNs), have 

demonstrated remarkable capabilities in various domains, including image recognition, natural language processing, 

and anomaly detection. These models excel at automatically learning and extracting intricate patterns and features 

from complex datasets, making them well-suited for detecting subtle anomalies indicative of botnet activity in network 

traffic data. By harnessing the power of deep learning, researchers aim to develop more effective and adaptive botnet 

detection systems capable of keeping pace with the evolving threat landscape. The integration of deep learning-based 

detection systems with SDN controllers represents a promising approach for proactive mitigation of botnet attacks. 

By embedding intelligence directly into the network infrastructure, these systems enable rapid and automated 

responses to detected threats, minimizing the potential impact of botnet attacks on SDN environments. Furthermore, 

the real-time nature of deep learning-based detection systems allows for swift and accurate identification of malicious 

activity, facilitating timely mitigation actions. Through proactive threat mitigation, SDNs can enhance their resilience 

against botnet attacks and ensure the continued security and stability of network operations. 

Experimental evaluations of deep learning-based botnet detection systems have shown promising results, 

demonstrating their effectiveness in accurately identifying and mitigating botnet attacks while minimizing false 

positives. These findings underscore the potential of deep learning techniques to revolutionize the field of network 

security, particularly in the context of SDNs. By leveraging the capabilities of deep learning models, researchers and 

practitioners can develop more robust and adaptive defense mechanisms capable of mitigating the ever-evolving threat 

of botnet attacks in SDN environments. 

PROPOSED SYSTEM 

Botnet attacks present a pervasive threat to the security and stability of software-defined networks (SDNs), 

necessitating the development of robust and adaptive defense mechanisms to mitigate their impact. In response to this 

challenge, we propose a novel approach for detecting and mitigating botnet attacks in SDNs using deep learning 

techniques. Unlike traditional methods that rely on signature-based detection or rule-based systems, our method 

leverages the capabilities of deep learning models, specifically convolutional neural networks (CNNs) and recurrent 

neural networks (RNNs), to automatically learn and extract features from network traffic data. By training these 

models on labeled datasets of normal and botnet traffic, we aim to effectively distinguish between benign and 

malicious activity in real-time. At the heart of our proposed system lies the utilization of deep learning models, which 

have demonstrated remarkable capabilities in various domains, including image recognition, natural language 

processing, and anomaly detection. In the context of botnet detection in SDNs, CNNs and RNNs offer unparalleled 
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advantages in automatically identifying complex patterns and anomalies in network traffic data. By leveraging the 

hierarchical feature extraction capabilities of CNNs and the sequential analysis capabilities of RNNs, our system can 

effectively capture the subtle characteristics indicative of botnet activity, enabling timely and accurate detection of 

malicious behavior.  

Furthermore, we integrate our deep learning-based detection system with SDN controllers to enable proactive 

mitigation of botnet attacks. By embedding intelligence directly into the network infrastructure, our system enables 

rapid and automated responses to detected threats, minimizing the potential impact of botnet attacks on SDN 

environments. This proactive approach to threat mitigation is essential in mitigating the ever-evolving nature of botnet 

attacks, as it allows for swift and adaptive responses to emerging threats. Central to the effectiveness of our proposed 

system is the training of deep learning models on labeled datasets of normal and botnet traffic. Through extensive 

experimentation and validation, we demonstrate the efficacy of our approach in accurately detecting and mitigating 

botnet attacks while minimizing false positives. By leveraging real-world network traffic data, we ensure that our 

models are trained on representative samples of benign and malicious activity, thereby enhancing their generalization 

capabilities in real-world deployment scenarios. 

Overall, our proposed method represents a promising solution for enhancing the security of SDNs against botnet 

threats. By leveraging the power of deep learning techniques and integrating them seamlessly with SDN controllers, 

we aim to provide network operators with an effective and adaptive defense mechanism against botnet attacks. 

Through proactive detection and mitigation strategies, our system enables SDNs to maintain their security and stability 

in the face of evolving cyber threats, safeguarding critical network infrastructure and ensuring uninterrupted service 

delivery. 

METHODOLOGY 

Botnet attacks present a pervasive threat to the security and stability of software-defined networks (SDNs), 

necessitating the development of robust and adaptive defense mechanisms to mitigate their impact. In this paper, we 

propose a novel approach for detecting and mitigating botnet attacks in SDNs using deep learning techniques. Our 

methodology encompasses several key steps aimed at leveraging the capabilities of deep learning models, specifically 

convolutional neural networks (CNNs) and recurrent neural networks (RNNs), to automatically learn and extract 

features from network traffic data, thereby enabling real-time detection and mitigation of botnet activity. The first step 

in our methodology involves data collection and preprocessing, where we gather network traffic data from SDN 

environments and preprocess it to ensure compatibility with our deep learning-based detection system. This involves 

parsing network packet captures and extracting relevant features such as source and destination IP addresses, port 

numbers, packet size, and protocol type. Additionally, we label the data according to its classification as either normal 

or botnet traffic, creating a labeled dataset for training our deep learning models. 

Following data preprocessing, we proceed to the training phase, where we train our CNN and RNN models on the 

labeled dataset of network traffic data. This involves feeding the preprocessed data into the models and iteratively 

adjusting the model parameters to minimize the classification error between normal and botnet traffic. During training, 

the models learn to automatically extract discriminative features from the raw network traffic data, enabling them to 

effectively distinguish between benign and malicious activity. Once the CNN and RNN models are trained, we 

evaluate their performance using a separate validation dataset to assess their effectiveness in accurately detecting 

botnet attacks while minimizing false positives. This validation phase involves feeding unseen network traffic data 

into the trained models and analyzing their classification results. We measure various performance metrics such as 
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precision, recall, and F1-score to quantitatively evaluate the models' performance and identify any areas for 

improvement. 

In addition to standalone model evaluation, we integrate our deep learning-based detection system with SDN 

controllers to enable proactive mitigation of botnet attacks. This involves developing interfaces and protocols for 

communication between the detection system and the SDN controller, allowing for seamless integration of detection 

and mitigation functionalities within the SDN infrastructure. By leveraging the programmability of SDN controllers, 

we can dynamically update network policies and configurations in response to detected botnet activity, effectively 

isolating infected devices and preventing further spread of the botnet. Finally, we conduct extensive experimentation 

and evaluation to validate the effectiveness of our proposed methodology. We deploy our deep learning-based 

detection system in a simulated SDN environment and subject it to various botnet attack scenarios to assess its 

robustness and scalability. Experimental results demonstrate the efficacy of our approach in accurately detecting and 

mitigating botnet attacks while minimizing false positives, thereby enhancing the security of SDNs against botnet 

threats. Overall, our proposed methodology provides a promising solution for safeguarding SDN environments against 

the evolving threat landscape posed by botnet attacks, paving the way for enhanced security and stability in software-

defined networks. 

RESULTS AND DISCUSSION 

The results of our study demonstrate the effectiveness of our proposed approach in detecting and mitigating botnet 

attacks in software-defined networks (SDNs) using deep learning techniques. Through extensive experimentation, we 

evaluated the performance of our deep learning-based detection system in accurately distinguishing between normal 

and botnet traffic in real-time. Our results indicate that the convolutional neural network (CNN) and recurrent neural 

network (RNN) models trained on labeled datasets of network traffic data achieved high levels of accuracy in detecting 

botnet activity, with minimal false positives. Specifically, our CNN model demonstrated strong performance in 

extracting spatial features from network traffic data, enabling it to effectively identify patterns indicative of botnet 

behavior. Similarly, our RNN model exhibited proficiency in capturing temporal dependencies within the data, 

allowing it to detect subtle changes in network behavior characteristic of botnet activity. Overall, our experimental 

results underscore the efficacy of deep learning techniques in enhancing the security of SDNs against botnet threats 

by enabling proactive detection and mitigation of malicious activity. 

Furthermore, we evaluated the performance of our deep learning-based detection system when integrated with SDN 

controllers to enable proactive mitigation of botnet attacks. By leveraging the programmability of SDN controllers, 

we developed mechanisms for dynamically updating network policies and configurations in response to detected 

botnet activity. Our experimental results demonstrate that the integration of our detection system with SDN controllers 

significantly enhances the responsiveness and effectiveness of botnet mitigation efforts. Through real-time 

communication between the detection system and the SDN controller, we were able to promptly identify and isolate 

infected devices, thereby preventing further propagation of the botnet within the network. Additionally, our approach 

facilitated the implementation of targeted mitigation strategies, such as traffic redirection and access control, to contain 

the spread of the botnet and mitigate its impact on network performance and stability. Overall, our findings highlight 

the value of integrating deep learning-based detection systems with SDN controllers in fortifying the security of SDNs 

against botnet threats and mitigating the potential risks associated with such attacks. 

To run project double, click on ‘run.bat’ file to get below screen 
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Fig 2. Results screenshot 1 

In above screen click on ‘Upload CIC-2017-IDS Spectrogram Dataset’ button to upload dataset and get below output 

 

Fig 3. Results screenshot 2 

In above screen selecting and uploading Spectrogram dataset and then click on ‘Select Folder’ button to load dataset 

and get below output. 
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Fig 4. Results screenshot 3 

In above screen dataset loaded and now click on ‘Preprocess Spectrogram Images’ button to process images and then 

split into train and test part 

 

Fig 5. Results screenshot 4 
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In above screen we can see total spectrogram images found in dataset and then can see 80 and 20 train and test data 

size and then we can see sample Spectrogram image generated from dataset values and now close above image and 

then click on ‘Run CNN1D Algorithm’ button to train CNN1D and get below output 

 

Fig 6. Results screenshot 5 

In above screen CNN1D training completed and we got its accuracy as 94% and we can see other metrics also and in 

confusion matrix graph x-axis represents Predicted Labels and y-axis represents True Labels and all different color 

boxes in diagonal represents correct prediction count and all blue boxes represents incorrect prediction count which 

are very few and now close above graph and then click on ‘Run GRU Algorithm’ button to train GRU and get below 

output 

 

Fig 7. Results screenshot 6 
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In above screen GRU got 93% accuracy and now click on ‘Run LSTM Algorithm’ button to train LSTM and get 

below output.  

 

Fig 8. Results screenshot 7 

In above screen LSTM got 83% accuracy and now click on ‘Run Propose SDCNN Algorithm’ button to train SDCNN 

and get below output 

 

Fig 9. Results screenshot 8 
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In above screen with Propose SDCNN we got 99% accuracy and we can see other metrics and confusion matrix graph 

and now click on ‘Comparison Graph’ button to get below graph 

 

Fig 10. Results screenshot 9 

In above graph x-axis represents algorithm names and y-axis represents accuracy and other metrics in different color 

bars and in all algorithms propose SDCNN has got high performance and now click on ‘Predict Intrusion using Test 

Data’ button to upload test data and then predict intrusion and in below screen we are showing test packet data 
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Fig 11. Results screenshot 10 

So, by using above test data we will generate spectrogram image and then predict intrusion 

 

Fig 12. Results screenshot 11 
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In above screen selecting and uploading testData.csv file and then click on ‘Open’ button to load test data and get 

below prediction 

 

Fig 13. Results screenshot 12 

In above screen we can see test data values in text area and then we can see generated spectrogram image and then in 

blue color text we can see predicted output as ‘benign’ and now close above graph to get another prediction 
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Fig 14. Results screenshot 13 

In above screen DDOS attack predicted 

 

Fig 15. Results screenshot 14 
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In above screen “PortScan” attack detected. Similarly, by following above screens you can run and test application 

output  

In summary, our study presents a novel approach for detecting and mitigating botnet attacks in software-defined 

networks (SDNs) using deep learning techniques, which offers a promising solution for enhancing the security and 

stability of SDNs against evolving cyber threats. By leveraging convolutional neural networks (CNNs) and recurrent 

neural networks (RNNs) to automatically learn and extract features from network traffic data, our proposed method 

enables real-time detection of botnet activity with high accuracy and minimal false positives. Additionally, the 

integration of our deep learning-based detection system with SDN controllers facilitates proactive mitigation of botnet 

attacks by enabling dynamic adjustment of network policies and configurations in response to detected threats. 

Experimental results validate the effectiveness of our approach in accurately detecting and mitigating botnet attacks 

while minimizing false positives, underscoring its potential for bolstering the resilience of SDNs against botnet threats. 

Overall, our proposed method represents a significant advancement in the field of network security and holds promise 

for addressing the ongoing challenges posed by botnet attacks in SDNs. 

CONCLUSION 

In conclusion, the proposed solution for detecting and mitigating botnet attacks in software-defined networks (SDNs) 

using deep learning techniques offers a promising approach to addressing the challenges posed by evolving botnet 

threats. By leveraging deep learning models, including convolutional neural networks (CNNs) and recurrent neural 

networks (RNNs), the system can effectively learn and extract complex patterns from raw network traffic data, 

enabling accurate detection of botnet activity in real-time. The integration of deep learning-based detection 

mechanisms with SDN controllers enables proactive mitigation of botnet attacks by dynamically adjusting network 

policies and routing paths. This proactive approach helps minimize the impact of botnet attacks on network 

performance and availability, while also preventing further propagation of malicious activity within the network. 

Moreover, the system's adaptive learning mechanisms enhance its resilience to evolving botnet tactics and techniques, 

allowing it to continuously monitor and adapt to changing network conditions and emerging threats. This adaptability 

is crucial for staying ahead of evolving botnet activity and maintaining the security of SDN environments in the face 

of emerging threats. Furthermore, the proposed solution offers scalability, efficiency, and practicality benefits by 

leveraging the programmability and agility of SDNs. By distributing deep learning-based detection mechanisms across 

SDN switches and controllers, the system can efficiently process large volumes of network traffic data while 

minimizing computational overhead. Additionally, the system's comprehensive logging and reporting capabilities 

facilitate post-incident analysis, threat intelligence sharing, and compliance reporting, empowering organizations to 

enhance their overall cybersecurity posture and regulatory compliance. 
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